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Abstract Process shift is an important input parameter in
the economic design of control charts. Earlier x control
chart designs considered constant shifts to occur in the
mean of the process for a given assignable cause. This
assumption has been criticized by many researchers since it
may not be realistic to produce a constant shift whenever
an assignable cause occurs. To overcome this difficulty, in
the present work, a distribution for the shift parameter has
been considered instead of a single value for a given
assignable cause. Duncan’s economic design model for x
chart has been extended to incorporate the distribution for
the process shift parameter. It is proposed to minimize total
expected loss-cost to obtain the control chart parameters.
Further, three types of process shifts namely, positively
skewed, uniform and negatively skewed distributions are
considered and the situations where it is appropriate to use
the suggested methodology are recommended.
Keywords Genetic algorithms  Economic design 
Control chart  Process shift distribution
Notation
a1 Fixed cost of sampling ($)
a2 Variable cost of sampling ($)
a3 Cost of finding an assignable cause ($)
a4 Cost of investigating a false alarm ($)
a5 Hourly penalty cost for operating in the out-of-
control state ($)
k Process failure rate (h-1)
g Time to test and interpret the result per sample
unit (h)
D Time required to find the assignable cause (h)
d Process shift parameter when a single shift is
considered
a Probability of type I error
b Probability of type II error
s Expected time of occurrence of the assignable
cause between consecutive samples
/() Distribution function of standard normal random
variable
n Sample size
h Sampling interval (h)
k Width of the control limit
C() Gamma function
y Beta distributed random variable of process shift
d1 Lower limit of the process shift parameter range
d2 Upper limit of the process shift parameter range
p, q Parameters of beta distribution
E(L) Expected loss-cost per hour ($ h-1)
TE(L) Total expected loss-cost per hour ($ h-1)
Introduction
In the economic design of control charts a set of cost and
process parameters are used to obtain the control chart
parameters. For an x control chart the input parameters
include certain cost parameters such as cost of false alarm,
the cost of finding an assignable cause etc., and certain
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process parameters like failure rate of the process and
process shift parameter. Economic designs are observed to
be very sensitive to process shift parameter (d) in com-
parison with other parameters (Montgomery 1980). In
order to obtain the full benefits of economic designs, one
has to consider the appropriate values of shift parameter.
Earlier designs relied on the use of constant process shift
for a single assignable cause. This has been criticized by
some of the researchers since it is not realistic to assume
that a single assignable cause would always produce the
same shift whenever it occurs. The following statements
support the significance of the process shift in the eco-
nomic designs:
Chiu and Wetherill (1974): ‘‘d is a critical risk param-
eter; of which we must strive to obtain an accurate
estimate.’’
Saniga (1992): ‘‘economic models are economic only if
the shift upon which the model is developed is the shift
that occurs’’.
Ho and Case (1994): ‘‘the assumption that a certain
cause will shift the process by a known shift is totally
unrealistic.’’
Hence, the economic designs entail the use of appro-
priate process shift parameter for obtaining better designs.
Since an assignable cause does not always produce a single
shift, the process shifts can be considered in the following
three ways:
1. Different known discrete values of the shifts.
2. A possible range for shift values with unknown
distribution.
3. A known or assumed distribution of the shift values.
The procedures to find the optimal designs have been
discussed for the first and second cases (Pignatillo and
Tsai 1988; Linderman and Choo 2002; Vommi and
Seetala 2007a, b). The present work deals with finding the
optimal control chart design when the process shift fol-
lows a distribution within a range of values. Everlasting
interest in finding the better control charts in process
monitoring is evident from Niaki and Khedmati (2013)
who proposed a new control chart to monitor the change
time of multivariate binomial processes for step changes
and drifts.
In the economic designs, various authors have studied
genetic algorithms as a search tool when it is difficult to
obtain closed form solutions by differentiating the cost
functions. Arunkumar et al. (2007) studied the use of
genetic algorithm for selection of vendors offering quantity
discounts. Izadi and Kimiagari (2014) designed a distri-
bution network under uncertain demand using genetic
algorithm to minimize various costs.
Extension of Duncan’s economic model
Duncan (1956) proposed an economic model for the opti-
mum economic design of the x control chart. Duncan’s
economic model minimizes E(L), the expected loss-cost
per hour incurred by the process, to obtain the best
parameters of the control chart. The expected loss-cost
function is given below:
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The above expected loss-cost is based on the assumption
that an assignable cause always produces a single known
shift. In the present study, the assignable cause is assumed to
produce different shift values within a known range. The
distribution of the shift parameter d can be known in the long
run. Hence, the shift distribution can be assumed to follow a
probability distribution. In order to extend the economic
design for different process shifts, the expected loss-cost
function given in Eq. (1) has to be modified such that it
accommodates the process shift distribution. As the range of
the process shift distribution will be finite and occurs
between two possible values, a beta distribution function is
considered for representing the process shift parameter (d).
The probability density function of the process shift can
be given as:
fY yð Þ ¼ ðy  d1Þ
p1ðd2  yÞq1
B p; qð Þðd2  d1Þpþq1
; d1  y d2 ð2Þ
where Y is the beta distributed random variable of process
shift with d1 and d2 as lower and upper values, respectively.
B(p, q) is the beta function with p and q as its parameters
and it is calculated as follows:
B p; qð Þ ¼ CðpÞCðqÞ
Cðp þ qÞ ð3Þ
Depending on the parameters p and q, the density
function of the beta random variable will have different
shapes as shown in the Fig. 1. For example, p = 2 and
q = 4 represents a positively skewed distribution. Simi-
larly, p = 4 and q = 2 represents a negatively skewed
distribution. Whenever p and q take non-integer values, the
beta function is called the incomplete beta function. The
cumulative probability of the incomplete beta function is
tabulated by Pearson as BY(p, q). Hence, Pearson’s tables
can be used to calculate the cumulative probability of a
beta random variable, y. It can be noted that the tables are
given for p C q. For p \ q, BY p; qð Þ ¼ 1  B 1Yð Þ p; qð Þ.
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Considering a beta probability distribution function for
the shift parameter, the probability that the shift parameter,
y occurs is fY(y)dy. Hence, the expected loss-cost is given
by:
EðLjyÞfY yð Þdy ð4Þ
In order to find out the best control chart parameters in
the present case, the total expected loss-cost function as
given by the following equation must be minimized.
Total expected loss  cost ¼
Zd2
d1
EðLjyÞ½ fY yð Þdy ð5Þ
Using Duncan’s loss-cost function E(L), the extended
total expected loss-cost per hour (TE(L)) incurred by the
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The probabilities of type I and type II error are com-
puted as follows:
Probability of type I error, a = 2u(-k).
Probability of type II error, b ¼ R
d2
d1
1  u k  ypnð Þð½
þu y ﬃﬃﬃnp  kð ÞÞfy yð Þdy .
Optimization of the above Eq. (6) for finding the optimal
control chart parameters is considered in the present eco-
nomic design of control chart problem with a known pro-
cess shift distribution. Since the optimization of the Eq. (6)
involves finding the closed form solutions for the following
Eqs. (7),(8) and (9), which poses difficulties in obtaining
the control chart parameters, an evolutionary optimization
technique, namely a genetic algorithm (GA) has been used















½EðLjyÞfYðyÞdy ¼ 0 ð9Þ
The total expected loss as given in Eq. (6) considers
only the shift parameter ranges and neglects the variation in
the hourly cost of not detecting the shifts. There is defi-
nitely a variation in the cost parameter a5 since larger shifts
tend to produce higher values of a5 and smaller ones rel-
atively a lower value of a5. But, the variation in this cost
parameter is omitted in the present analysis owing to the
simplicity of the model on the following grounds: (1) the
effect of cost parameters is not considerable in comparison
with the shift parameter, (2) the larger shifts have the
tendency to be detected early and the smaller shifts may
take more time to be detected. Hence, on average the
penalty of not detecting the shifts per hour can be taken as
a constant.
Optimal designs considering shift distributions
using GA
The best design parameters of the control chart are to be
obtained by minimizing the total expected loss-cost func-
tion for a given set of cost and process parameters.
Employing an appropriate optimization technique may not
pose difficulties in optimizing the total loss-cost Eq. (6) for
a given set of cost and process parameters. Use of GA in
the economic designs is very common, since it helps to find
the near global solutions for very complicated objective
functions (Chen and Yeh 2009). Present study employs a
binary coded genetic algorithm in optimization. The ranges
of control chart parameters considered are given in the
Table 1. The cost and process parameters for the present
designs are chosen from the earlier works of Duncan
(1956) and Panagos et al. (1985) corresponding to the shift
parameter of value 2. It can be noted that Duncan’s work
utilizes a wide range of cost parameters as compared to the
most recent examples of the control chart designs. Since
the present methodology utilizes the process shift distri-
bution, in place of a constant process shift parameter
d = 2, process shift parameter ranges are chosen as [0.5
1.5], [0.5 2.5] and [0.5 3.5]. The lower value of the shift
parameter is taken as 0.5 because the Shewhart’s control
δ 1 δ 2
p=2 ,q=4 p=4 ,q=2
p=1 ,q=1f Y(y)
y
Fig. 1 Beta distribution
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charts are not preferred for smaller shifts. Different upper
values, namely 1.5, 2.5 and 3.5 are considered for the shift
parameters. Control chart designs are obtained using dif-
ferent cost and process parameters and assuming positively
skewed (p = 2, q = 4), negatively skewed (p = 4, q = 2)
and uniformly distributed (p = 1, q = 1) beta random
variable as process shifts.
Genetic algorithms are optimization algorithms based on
the natural evolution of the species (Goldberg 1984). The
search for the global optimum value in optimization
problems is carried out by randomly choosing an initial
population from the feasible solution space and creating a
new population containing possibly better solutions
through the application of genetic operators. Since, the
parameters of GA are specific, parametric tuning has been
carried out and the GA parameters used in the study have
been shown in the Table 2.
The optimization process can either be terminated when
there is no improvement in the objective function value for
a specified number of generations or when the specified
number of generations is completed. Present problem is
observed to converge before 300 generations in all cases;
hence the maximum number of generations is taken as 300.
A linear ranking method with selective pressure of two is
used for fitness values. The optimal control chart design
parameters obtained by the present methodology are pre-
sented in the Tables 3, 4 and 5. The example problems
extracted from Duncan (1956) are numbered as D1, D2
etc., and those from Panagos et al. (1985) are numbered as
P1, P2 etc.
Advantage of using process shift distributions in control
chart designs
Obviously, the control chart designs considering a single
shift parameter are simple and can be solved without using
an evolutionary optimization technique. Considering shift
distributions in the economic designs complicates the
optimization process. Hence, the use of shift distribution
has to be justified over using a single parameter for the
process shift. It is assumed that the designer would con-
sider the average of the extreme shift values in finding the
single shift parameter for the design. The advantage of
using shift distribution, which results in cost reduction, can
be realized by using the following procedure:
1. Minimize the expected loss-cost function, E(L) and
obtain the optimal control chart parameters
n0h0k0ð Þjd¼ðd1þd2Þ=2 at single shift parameter which
is the average of the minimum and maximum values
of the shift parameter.
2. Minimize the total expected loss-cost function
TE(L) and obtain the optimal control chart param-
eters (n*h*k*) by considering the shift distribution in
the range [d1 d2]. The minimum total expected cost
pertaining to these control chart parameters is
TE(L*).
(3) Substitute the control chart parameters
n0h0k0ð Þjd¼ðd1þd2Þ=2 obtained by minimizing the
E(L) in the total expected loss-cost function [Eq.
(6)] in order to find out TE(L0).
(4) Finally, the percentage of cost reduction due to the
consideration of shift distribution over a single
parameter for process shift can be calculated as:
TE L0ð Þ  TE Lð Þ
TE L0ð Þ  100:
The cost values obtained for the designs under consid-
eration are shown in the Table 6.
Results
It can be observed from the results that the cost values are
influenced by the type of shift distribution and the range of
the shift parameter. The advantage of using the present
methodology is striking for positively skewed distribution
and also for uniformly distributed shift parameters. The
benefits are not remarkable for negatively skewed shift
distributions. Also, when the shift range is wide, the
advantage of using the present methodology is high. Fig-
ure 2 shows the variation of the maximum reductions in
loss-cost obtained under consideration of different beta
parameters and shift ranges.
Table 1 Control chart parameters range
S. no Control chart parameters Range of each parameter
1 Sample size (n) 2 B n B 33
2 Sampling interval (h) 0.08 B h B 8
3 Width of control limit (k) 1 B k B 4.5
Table 2 GA parameters used in the study
S. no GA parameters Magnitude/method
1 Population size 100
2 Selection method Tournament selection
3 Type of crossover (3)-point
4 Probability of crossover 0.95
5 Probability of mutation 0.05
6 Strategy Elitist
7 Maximum generations 300
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Table 3 Control chart designs with a positively skewed shift distribution (p = 2, q = 4) with shift parameter range [0.5 3.5]
S. no Reference a1 a2 a3 a4 a5 k g D n* h* k* TE(L*)
1 D1 0.5 0.1 25 50 100 0.01 0.05 2 9 1.5000 2.616 5.054
2 D2 0.5 0.1 25 50 100 0.02 0.05 2 8 1.0455 2.575 8.449
3 D3 0.5 0.1 25 50 100 0.03 0.05 2 8 0.8864 2.568 11.441
4 D4 0.5 0.1 25 50 50 0.02 0.05 2 9 1.5909 2.6096 5.130
5 D5 0.5 0.1 25 50 1,000 0.01 0.05 2 6 0.3789 2.5205 31.341
6 D6 0.5 0.1 25 50 10,000 0.01 0.05 2 3 0.0877 2.3888 247.660
7 D7 0.5 0.1 25 50 100 0.01 0.5 2 3 0.9318 2.3836 7.1704
8 D8 0.5 0.1 25 50 100 0.01 0.05 20 9 1.8409 2.5616 19.177
9 D9 0.5 0.1 2.5 50 100 0.01 0.05 2 9 1.5000 2.6233 4.837
10 D10 0.5 0.1 250 500 100 0.01 0.05 2 14 1.7500 3.274 7.844
11 D11 0.5 0.1 2500 5,000 100 0.01 0.05 2 21 2.2955 3.8836 29.866
12 D12 5.0 0.1 25 50 100 0.01 0.05 2 12 3.538 2.3698 6.816
13 D13 0.5 1 25 50 100 0.01 0.05 2 5 3.197 1.959 7.457
14 D14 0.5 10 25 50 100 0.01 0.05 2 2 7.349 1.000 12.147
15 D15 0.5 1 25 50 1,000 0.01 0.05 2 4 0.833 1.9932 38.161
16 P3 5 1 250 50 50 0.01 0.05 3 6 7.0303 1.829 8.125
17 P4 0.5 0.1 35 500 100 0.01 0.05 3 14 1.7500 3.2739 6.689
18 P7 0.5 1 250 500 50 0.05 0.05 3 8 3.4015 2.6849 25.011
19 P8 5 0.1 35 50 100 0.05 0.05 3 9 1.826 2.178 24.198
20 P11 5 0.1 250 500 50 0.01 0.5 3 9 4.7272 2.8287 9.3154
21 P12 0.5 1 35 50 100 0.01 0.5 3 3 2.4394 1.9041 9.792
22 P15 0.5 0.1 250 50 50 0.05 0.5 3 3 0.9167 2.3151 23.083
23 P16 5 1 35 500 100 0.05 0.5 3 4 2.1894 2.3699 36.948
24 P19 5 1 35 50 50 0.01 0.05 20 6 7.9924 1.7808 12.272
25 P20 0.5 0.1 250 500 100 0.01 0.05 20 15 2.1894 3.2534 21.522
26 P23 0.5 1 35 500 50 0.05 0.05 20 8 5.3182 2.5068 30.5288
27 P24 5 0.1 250 50 100 0.05 0.05 20 10 3.3788 2.0548 60.844
28 P27 5 0.1 35 500 50 0.01 0.5 20 9 5.6742 2.7603 13.153
29 P28 0.5 1 250 50 100 0.01 0.5 20 3 2.9167 1.8493 23.969
30 P31 0.5 0.1 35 50 50 0.05 0.5 20 3 1.3864 2.1712 28.9380
31 P32 5 1 250 500 100 0.05 0.5 20 5 4.3788 2.2534 66.080
Table 4 Control chart designs with a uniformly distributed shift values (p = 1, q = 1) with shift parameter range [0.5 3.5]
S. no Reference a1 a2 a3 a4 a5 k g D n* h* k* TE(L*)
1 D1 0.5 0.1 25 50 100 0.01 0.05 2 9 1.5379 2.5685 5.138
2 D2 0.5 0.1 25 50 100 0.02 0.05 2 8 1.0530 2.5616 8.542
3 D3 0.5 0.1 25 50 100 0.03 0.05 2 7 0.8409 2.5068 11.528
4 D4 0.5 0.1 25 50 50 0.02 0.05 2 8 1.5151 2.5616 5.1993
5 D5 0.5 0.1 25 50 1,000 0.01 0.05 2 6 0.4015 2.4795 31.483
6 D6 0.5 0.1 25 50 10,000 0.01 0.05 2 3 0.0932 2.3814 245.837
7 D7 0.5 0.1 25 50 100 0.01 0.5 2 3 0.9924 2.3836 6.999
8 D8 0.5 0.1 25 50 100 0.01 0.05 20 9 1.8410 2.5342 19.273
9 D9 0.5 0.1 2.5 50 100 0.01 0.05 2 9 1.5379 2.5685 4.923
10 D10 0.5 0.1 250 500 100 0.01 0.05 2 15 1.7879 3.2466 8.072
11 D11 0.5 0.1 2500 5000 100 0.01 0.05 2 22 2.3182 3.8082 30.232
12 D12 5.0 0.1 25 50 100 0.01 0.05 2 12 3.5151 2.3082 6.9352
13 D13 0.5 1 25 50 100 0.01 0.05 2 4 2.7879 1.9726 7.361
14 D14 0.5 10 25 50 100 0.01 0.05 2 2 7.0682 1.1370 11.734
15 D15 0.5 1 25 50 1000 0.01 0.05 2 3 0.7424 1.9383 37.674
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Table 5 Control chart designs with a negatively skewed shift distribution (p = 4, q = 2) with shift parameter range [0.5 3.5]
S. no Reference a1 a2 a3 a4 a5 k g D n* h* k* TE(L*)
1 D1 0.5 0.1 25 50 100 0.01 0.05 2 4 1.2727 2.9726 4.034
2 D2 0.5 0.1 25 50 100 0.02 0.05 2 4 0.9090 2.9794 6.944
3 D3 0.5 0.1 25 50 100 0.03 0.05 2 4 0.7879 2.9521 9.578
4 D4 0.5 0.1 25 50 50 0.02 0.05 2 4 1.3410 2.9795 4.168
5 D5 0.5 0.1 25 50 1,000 0.01 0.05 2 3 0.3636 2.8630 26.837
6 D6 0.5 0.1 25 50 10,000 0.01 0.05 2 2 0.0985 2.7150 226.628
7 D7 0.5 0.1 25 50 100 0.01 0.5 2 2 1.0000 2.7260 5.188
8 D8 0.5 0.1 25 50 100 0.01 0.05 20 4 1.5151 2.9247 18.362
9 D9 0.5 0.1 2.5 50 100 0.01 0.05 2 4 1.2727 2.9726 3.816
10 D10 0.5 0.1 250 500 100 0.01 0.05 2 6 1.4167 3.6164 6.449
11 D11 0.5 0.1 2500 5000 100 0.01 0.05 2 5 1.5530 4.3630 27.903
12 D12 5.0 0.1 25 50 100 0.01 0.05 2 6 3.4318 2.8082 5.942
13 D13 0.5 1 25 50 100 0.01 0.05 2 2 2.0758 2.3836 5.534
14 D14 0.5 10 25 50 100 0.01 0.05 2 2 6.6391 1.7534 9.697
15 D15 0.5 1 25 50 1000 0.01 0.05 2 2 0.6515 2.3699 31.127
16 P3 5 1 250 50 50 0.01 0.05 3 3 5.9697 2.2749 7.034
17 P4 0.5 0.1 35 500 100 0.01 0.05 3 6 1.4167 3.6164 5.294
18 P7 0.5 1 250 500 50 0.05 0.05 3 4 2.5000 3.1301 22.006
19 P8 5 0.1 35 50 100 0.05 0.05 3 5 1.7651 2.6370 22.201
20 P11 5 0.1 250 500 50 0.01 0.5 3 4 4.7348 3.0890 7.490
21 P12 0.5 1 35 50 100 0.01 0.5 3 2 2.1136 2.3699 7.344
22 P15 0.5 0.1 250 50 50 0.05 0.5 3 2 0.9167 2.6849 20.989
23 P16 5 1 35 500 100 0.05 0.5 3 2 1.8712 2.6849 29.298
24 P19 5 1 35 50 50 0.01 0.05 20 3 6.7879 2.2329 11.353
25 P20 0.5 0.1 250 500 100 0.01 0.05 20 6 1.6894 3.5753 20.406
26 P23 0.5 1 35 500 50 0.05 0.05 20 3 3.2576 2.8973 28.715
27 P24 5 0.1 250 50 100 0.05 0.05 20 5 3.2197 2.5068 60.055
28 P27 5 0.1 35 500 50 0.01 0.5 20 4 5.3788 3.0548 11.672
29 P28 0.5 1 250 50 100 0.01 0.5 20 2 2.5379 2.3288 22.030
30 P31 0.5 0.1 35 50 50 0.05 0.5 20 2 1.3864 2.5342 27.824
31 P32 5 1 250 500 100 0.05 0.5 20 3 3.8636 2.6918 62.837
Table 4 continued
S. no Reference a1 a2 a3 a4 a5 k g D n* h* k* TE(L*)
16 P3 5 1 250 50 50 0.01 0.05 3 5 6.6591 1.8014 8.130
17 P4 0.5 0.1 35 500 100 0.01 0.05 3 14 1.7045 3.2329 6.916
18 P7 0.5 1 250 500 50 0.05 0.05 3 7 3.2803 2.6986 24.949
19 P8 5 0.1 35 50 100 0.05 0.05 3 8 1.7803 2.1233 24.356
20 P11 5 0.1 250 500 50 0.01 0.5 3 8 4.6288 2.7671 9.397
21 P12 0.5 1 35 50 100 0.01 0.5 3 2 1.9470 1.9384 9.395
22 P15 0.5 0.1 250 50 50 0.05 0.5 3 2 0.8258 2.3082 22.864
23 P16 5 1 35 500 100 0.05 0.5 3 3 2.0758 2.3836 36.086
24 P19 5 1 35 50 50 0.01 0.05 20 5 7.6136 1.7466 12.281
25 P20 0.5 0.1 250 500 100 0.01 0.05 20 15 2.1364 3.1849 21.732
26 P23 0.5 1 35 500 50 0.05 0.05 20 6 4.5682 2.5137 30.527
27 P24 5 0.1 250 50 100 0.05 0.05 20 9 3.3258 2.0000 61.019
28 P27 5 0.1 35 500 50 0.01 0.5 20 8 5.2803 2.7397 13.241
29 P28 0.5 1 250 50 100 0.01 0.5 20 2 2.4242 1.8630 23.691
30 P31 0.5 0.1 35 50 50 0.05 0.5 20 3 1.4697 21918 28.856
31 P32 5 1 250 500 100 0.05 0.5 20 4 4.1434 2.2603 65.883
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From the present study, it can be observed that a
maximum reduction in the loss-cost up to 36.90 % is
achieved when the shift follows a uniform distribution.
Similarly, a cost reduction of up to 40.15 % is achieved for
a positively skewed shift distribution. Economic designs
with the process shift following a negatively skewed dis-
tribution do not offer much monetary benefits with the
present methodology.
Conclusions
Economic designs which consider a fixed shift to occur in
the process for an assignable cause are criticized by earlier
researchers to be totally unrealistic. Hence, there is a need to
consider different shifts produced by the assignable cause.
In the long run, the shifts may produce a distribution which
may be positively skewed, negatively skewed or uniformly
distributed. In the present work, for a given assignable
cause, the process shift is considered to follow a probability
distribution which can represent different situations. Beta
distribution is considered for representing the process shift.
Duncan’s (1956) model of economic design has been
extended to accommodate the process shift distribution. The
extended model uses total expected loss-cost per hour
incurred by the process for obtaining optimum designs. GA
based search has been used for minimizing the total
expected loss-cost function. The cost and process parame-
ters have been drawn from Duncan (1956) and Panagos et al.
(1985). Economic designs have been obtained when the shift
follows positively skewed, negatively skewed and uniform
distributions by varying the parameters of the beta distri-
bution with different shift ranges.
The control chart designs obtained using a distribu-
tion for process shift and the designs with a single
process shift based on the average of the extreme values
of shift parameters have been compared. Hence, it can
be concluded that the present methodology has to be
adopted when the shift distributions are either positively
skewed or uniform. For a negatively skewed distribu-
tion, as the benefits are not remarkable, designs can be
made based on a single process shift instead of using the
shift distribution.
Open Access This article is distributed under the terms of the
Creative Commons Attribution License which permits any use, dis-
tribution, and reproduction in any medium, provided the original
author(s) and the source are credited.
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